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Abstract

In recentyearswe have seena tremendousgrowth in the volumeof text documentsavailableon the Internet,

digital libraries, news sources,and company-wide intranets. Automatic text categorization,which is the task of

assigningtext documentsto pre-specifiedclasses(topicsor themes)of documents,is an importanttaskthatcanhelp

both in organizingaswell as in finding informationon thesehugeresources.Text categorizationpresentsunique

challengesdueto thelargenumberof attributespresentin thedataset,largenumberof trainingsamples,andattribute

dependencies.In this paperwe focus on a simple linear-time centroid-baseddocumentclassificationalgorithm,

that despiteits simplicity and robust performance,hasnot beenextensively studiedand analyzed. Our extensive

experimentsshow thatthiscentroid-basedclassifierconsistentlyandsubstantiallyoutperformsotheralgorithmssuch

asNaiveBayesian,k-nearest-neighbors,andC4.5,onawiderangeof datasets.Ouranalysisshows thatthesimilarity

measureusedby thecentroid-basedschemeallows it to classifya new documentbasedon how closelyits behavior

matchesthebehavior of thedocumentsbelongingto differentclasses,asmeasuredby theaveragesimilarity between

thedocuments.This matchingallows it to dynamicallyadjustfor classeswith differentdensities.Furthermore,our

analysisshowsthatthesimilarity measureof thecentroid-basedschemeaccountsfor dependenciesbetweentheterms

in thedifferentclasses.Webelieve thatthis featureis thereasonwhy it consistentlyoutperformsotherclassifiersthat

cannottake thesedependenciesinto account.

1 Intr oduction

We haveseena tremendousgrowth in thevolumeof onlinetext documentsavailableon theInternet,digital libraries,

news sources,andcompany-wide intranets. It hasbeenforecastedthat thesedocuments(with otherunstructured

data)will becomethe predominantdatatype storedonline [40]. This providesa hugeopportunityto make more

∗Thiswork wassupportedby NSFCCR-9972519,by Army ResearchOfficecontractDA/DAAG55-98-1-0441,by theDOEASCI program,and
by Army High PerformanceComputingResearchCentercontractnumberDAAH04-95-C-0008.Accessto computingfacilities was provided by
AHPCRC,MinnesotaSupercomputerInstitute.Relatedpapersareavailablevia WWW at URL: http://www .cs.umn.edu/˜kar ypis
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effective useof thesecollectionsandthereis a growing needfor tools to dealwith text documents.Automatictext

categorization[54, 56, 55, 43, 41, 34, 6, 22], which is the taskof assigningtext documentsto pre-specifiedclasses

(topicsor themes)of documents,is animportanttaskthatcanhelppeopleto find informationonthesehugeresources.

Text categorizationpresentsuniquechallengesdueto the largenumberof attributespresentin thedataset,large

numberof trainingsamples,attributedependency, andmulti-modalityof categories.Thishasledto thedevelopmentof

a varietyof text categorizationalgorithms[31, 22, 25, 2, 55, 26, 19] thataddressthesechallengesto varyingdegrees.

In this paperwe focuson a simplecentroid-baseddocumentclassificationalgorithmthat hasnot beenextensively

studiedandanalyzeddespiteits simplicity and,asourexperimentsshow, its robustperformance.

In this algorithm,a centroidvectoris computedto representthedocumentsof eachclass,anda new documentis

assignedto the classthat correspondsto its mostsimilar centroidvector, as measuredby the cosinefunction. The

computationalcomplexity of the learningphaseof this algorithmis linearon thenumberof documents,andfor each

new document,its classificationcomplexity is linear on the numberof classes.Extensive experimentspresentedin

Section4 show that this centroid-basedclassifierconsistentlyandsubstantiallyoutperformsotheralgorithmssuch

asNaive Bayesian,k-nearest-neighbors,andC4.5,on a wide rangeof datasets.Thesurprisinglygoodclassification

performanceof this schemesuggeststhatit utilizesapowerful classificationmodel.

In thispaperwepresentsuchananalysis.Ouranalysisshowsthatthesimilarity measureusedby thecentroid-based

schemeallows it to classifyanew documentbasedon how closelyits behavior matchesthebehavior of thedocuments

belongingto differentclasses,asmeasuredby theaveragesimilarity betweenthedocuments.This matchingallows

it to dynamicallyadjustfor classeswith differentdensities.Our analysis alsoshows that the similarity measureof

thecentroid-basedschemecanaccountfor dependenciesbetweenthe termsin thedifferentclasses.We believe that

this featureof thecentroid-basedclassifieris thereasonwhy it consistentlyoutperformstheNaiveBayesianclassifier,

whichcannot take thesedependenciesinto account.

Thereminderof thepaperis organizedasfollows. Section2 providesanoverview of someof thealgorithmsthat

havebeenusedfor documentcategorization.Section3describesthecentroid-baseddocumentclassificationalgorithm.

Section4 experimentallyevaluatesthisalgorithmonavarietyof datasets.Section5 analyzestheclassificationmodel

of the centroid-basedclassifierandcomparesit againstthoseusedby otheralgorithms.Finally, Section6 provides

directionsfor futureresearch.

2 Previous Work

Thevariousdocumentcategorizationalgorithmsthathave been developedover theyears[47, 1, 10, 17, 31, 22, 25, 2,

55, 26, 19] fall undertwo generalcategories.Thefirst categorycontainstraditionalmachinelearningalgorithmssuch

asdecisiontrees,rulesets,instance-basedclassifiers,probabilisticclassifiers,supportvectormachines,etc., thathave

eitherbeenuseddirectlyor beingadaptedfor usein thecontext of documentdatasets.On theotherhand,thesecond

categorycontainsspecializedcategorizationalgorithmsdevelopedin theInformationRetrieval community. Examples

of suchalgorithmsincluderelevancefeedback,linearclassifiers,generalizedinstancesetclassifiers,etc. In therestof

this sectionwebriefly describesomeof thesealgorithmsanddiscusstheirmeritsfor documentcategorization.

k Nearest Neighbor k-nearestneighbor(k-NN) classificationis an instance-basedlearningalgorithmthat has

beenappliedto text categorizationsincethe early daysof research[33, 21, 52, 6], andhasbeenshown to produce

betterresultswhencomparedagainstothermachinelearningalgorithmssuchasC4.5[39] andRIPPER[5]. In this

classificationparadigm,k nearestneighborsof a testdocumentarecomputedfirst. Thenthesimilaritiesof this doc-

umentto the k nearestneighborsareaggregatedaccordingto the classof the neighbors,and the testdocumentis

assignedto the most similar class(asmeasuredby the aggregatesimilarity). A major drawbackof the similarity

measureusedin k-NN is that it usesall featuresequallyin computingsimilarities. This canleadto poorsimilarity
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measuresandclassificationerrors,whenonly a smallsubsetof thewordsis usefulfor classification.To addressthis

problem,a variety of techniqueshave been developedfor adjustingthe importanceof the varioustermsin a super-

visedsetting.Examplesof suchtechniquesincludepresetweightadjustmentusingmutualinformation[11, 49, 48],

RELIEF [23, 24], andvariable-kernelsimilarity metriclearning[32].

C4.5 A decisiontreeis a widely usedclassificationparadigmin machinelearninganddatamining. Thedecision

treemodelis built by recursively splitting thetrainingsetbasedon a locally optimalcriterionuntil all or mostof the

recordsbelongingto eachof the leaf nodesbearthesameclasslabel. C4.5[39] is a widely useddecisiontree-based

classificationalgorithm that hasbeenshown to producegoodclassificationresults,primarily on low dimensional

datasets.Unfortunately, oneof thecharacteristicsof documentdatasetsis that thereis a relatively largenumberof

featuresthat characterizeeachclass. Decisiontreebasedschemeslike C4.5do not work very well in this scenario

dueto overfitting [6, 19]. Theoverfittingoccursbecausethenumberof samplesis relatively smallwith respectto the

numberof distinguishingwords,which leadsto very largetreeswith limited generalizationability.

Naive Bayesian Thenaive Bayesian(NB) algorithmhasbeenwidely usedfor documentclassification,andhas

beenshown to producevery goodperformance[28, 29, 27, 34]. For eachdocument,the naive Bayesianalgorithm

computestheposteriorprobability that thedocumentbelongsto differentclassesandassignsit to theclasswith the

highestposteriorprobability. TheposteriorprobabilityP(ck|di ) of classck givenatestdocumentdi is computedusing

Bayesrule

P(ck|di ) = P(ck)P(di |ck)

P(di )
, (1)

anddi is assignedto theclasswith thehighestposteriorprobability, thatis,

Classof di = arg max
1≤k≤N

{P(ck|di )} = arg max
1≤k≤N

{P(ck)P(di |ck)}, (2)

whereN is thetotal numberof classes.

ThenaiveBayesianalgorithmmodelseachdocumentd i , asavectorin thetermspace,i.e., di = (di1, di2, . . . , dim),

wheredi j modelsthe presenceor absenceof the j th term. Naive Bayesiancomputesthe two quantitiesrequiredin

Equation2 as follows. Theapproximateclasspriors(P(ck)) arecomputedusingthemaximumlikelihoodestimate

P(ck) =
∑|D|

i=1 P(ck|di )

|D| , (3)

whereD is thesetof trainingdocumentsand|D| is thenumberof trainingdocumentsin D. TheP(d i |ck) is computed

by assumingthatwhenconditionedon a particularclassck, theoccurrenceof a particularvalue ofd i j is statistically

independentof theoccurrenceof any othervaluein any othertermd i j ′ . Underthisassumption,we havethat

P(di |ck) =
m

∏

j =1

P(di j |ck), (4)

andbecauseof this assumptionthis classifieris called“naive” Bayesian.Thecomputationof P(d i j |ck) in Equation4

variesaccordingto the modelchosenfor documentrepresentation.Therearetwo popularmodelsfor representing

documents[34]. The first is the multi-variateBernoulli event model that only takes into accountthe presenceor

absenceof a particularterm,anddoesnot accountfor term frequency. Thesecondmodelis themultinomialmodel

thatcapturesthewordfrequency information.

Despitethe fact that the independenceassumptionof naive Bayesiandoesnot hold in real documentdatasets,
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Naive-Bayesianclassifiersperformsurprisinglywell [54, 56, 27, 34], in practice.DomingosandPazzani[14] provide

anexplanationfor the relatively goodperformanceof Naive-Bayesianclassifiers[14]. They arguethateventhough

Naive-Bayesianclassifiersdo not estimatethe underlyingprobabilitydensitiescorrectly, they provide goodenough

solutionsin termsof zero-oneloss(misclassificationrate).

Linear Classifier s Linearclassifiers[31] area family of text categorizationlearningalgorithmsthat learna fea-

tureweightvectorfor every category. Theweight learningtechniquessuchasRocchio[42] andWidrow-Hoff algo-

rithm [50] areusedto learnthe featureweightvectorfrom the trainingsamples.Theseweight learningalgorithms

adjustthefeatureweightvectorsuchthatfeaturesor wordsthatcontributesignificantlyto thecategorizationhavelarge

values.A testdocumentis determinedto belongto a particularcategory if thedotproductbetweenthetestdocument

andthefeatureweightvectoris greaterthanacertainthresholdvalue.

Generaliz ed Instance Set Algorithm GeneralizedInstanceSet(GIS) Algorithm [25] is a text categorization

algorithmthat combinesthe advantageof kNN and linear classifiers. The featureweight vectorof a category in

linearclassifierscanbe regardedassinglegeneralizedinstanceof thecategory. This featureweightvectorin effect

summarizesthe entirecategory. In GIS, multiple generalizedinstancesare found per category. Eachgeneralized

instanceis afeatureweightvectorthatis learnedfrom thesetof similar trainingsamples.A testdocumentis classified

accordingto thesumof similaritiesto thesegeneralizedinstances.GIS inheritsexpressive power of kNN by having

multiple featureweight vectorsper category andavoids the problemof kNN by learningfeatureweightsusingthe

weightlearningtechniquesof linearclassifiers.

Suppor t Vector Machines SupportVector Machines(SVM) is a new learningalgorithm proposedby Vap-

nik [46]. This algorithmwas introducedto solve two-class patternrecognitionproblemusing the StructuralRisk

Minimization principle[46, 7]. Given a trainingsetin a vectorspace,this methodfindsthebestdecisionhyperplane

that separatestwo classes.The quality of a decisionhyperplaneis determinedby the distance(referredasmargin)

betweentwo hyperplanesthatareparallelto thedecisionhyperplaneandtouchtheclosestdatapointsof eachclass.

Thebestdecisionhyperplaneis theonewith themaximummargin. TheSVM problemcanbesolvedusingquadratic

programmingtechniques[46, 7]. SVM extendsits applicabilityon the linearly non-separabledatasetsby eitherus-

ing soft margin hyperplanes,or by mappingthe original datavectorsinto a higherdimensionalspacein which the

datapointsarelinearly separable.An efficient implementationof SVM andits applicationin text categorizationof

Reuters-21578corpusis reportedin [22].

3 Centr oid-Based Document Classifier

In the centroid-basedclassificationalgorithm,the documentsarerepresentedusingthe vector-spacemodel[43]. In

this model,eachdocumentd is consideredto bea vectorin the term-space.In its simplestform, eachdocumentis

representedby the term-frequency(TF) vector �dtf = (tf1, tf2, . . . , tfn), wheretfi is thefrequency of the i th termin the

document.A widely usedrefinementto this modelis to weighteachtermbasedon its inversedocumentfrequency

(IDF) in thedocumentcollection. Themotivationbehindthis weightingis that termsappearingfrequentlyin many

documentshave limited discriminationpower, andfor this reasonthey needto bede-emphasized.This is commonly

done[43] by multiplying the frequency of eachterm i by log(N/df i ), whereN is the total numberof documentsin

thecollection,anddfi is thenumberof documentsthatcontainthe i th term(i.e., documentfrequency). This leadsto

the tf-idf representationof thedocument,i.e., �dtfidf = (tf1 log(N/df1), tf2 log(N/df2), . . . , tfn log(N/dfn)). Finally, in

orderto accountfor documentsof differentlengths,the lengthof eachdocumentvectoris normalizedsothat it is of

unit length,i.e., ‖ �dtfidf‖2 = 1. In therestof thepaper, wewill assumethatthevectorrepresentation�d of eachdocument

d hasbeenweightedusingtf-idf andit hasbeennormalizedsothatit is of unit length.
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In thevector-spacemodel,thesimilarity betweentwo documentsd i andd j is commonlymeasuredusingthecosine

function[43], given by

cos( �di , �d j ) =
�di · �d j

‖ �di ‖2 ∗ ‖ �d j ‖2
, (5)

where“ ·” denotesthedot-productof thetwo vectors.Sincethedocumentvectorsareof unit length,theaboveformula

simplifiesto cos( �di , �d j ) = �di · �d j .

Given a setSof documentsandtheir correspondingvectorrepresentations,wedefinethecentroid vector �C to be

�C = 1

|S|
∑

d∈S

�d, (6)

whichis nothingmorethanthevectorobtainedby averagingtheweightsof thevarioustermspresentin thedocuments

of S. Wewill referto theSasthesupporting set for thecentroid �C. Analogouslyto documents,thesimilarity between

two centroidvectorsandbetweena documentanda centroidvectorarecomputedusingthecosinemeasure.In the

first case,

cos( �Ci , �C j ) =
�Ci · �C j

‖ �Ci ‖2 ∗ ‖ �C j ‖2
, (7)

whereasin thesecondcase,

cos( �d, �C) =
�d · �C

‖ �d‖2 ∗ ‖ �C‖2
=

�d · �C
‖ �C‖2

. (8)

Note that even thoughthe documentvectorsareof lengthone, the centroidvectorswill not necessarilybe of unit

length.

The ideabehindthe centroid-basedclassificationalgorithmis extremelysimple. For eachsetof documentsbe-

longingto thesameclass,we computetheir centroidvectors.If therearek classesin thetrainingset,this leadsto k

centroidvectors{ �C1, �C2, . . . , �Ck}, whereeach �Ci is thecentroidfor the i th class.Theclassof a new documentx is

determinedasfollows. First we usethedocument-frequenciesof thevarioustermscomputedfrom thetrainingsetto

computethetf-idf weightedvector-spacerepresentationof x, andscaleit so �x is of unit length.Then,wecomputethe

similarity between�x to all k centroidsusingthecosinemeasure.Finally, basedon thesesimilarities,we assignx to

theclasscorrespondingto themostsimilarcentroid.Thatis, theclassof x is given by

arg max
j =1,...,k

(cos(�x, �C j )). (9)

The computationalcomplexity of the learningphaseof this centroid-basedclassifieris linear on the numberof

documentsandthe numberof termsin the training set. The computationof the vector-spacerepresentationof the

documentscan be easily computedby performingat most threepassesthroughthe training set. Similarly, all k

centroidscanbe computedin a singlepassthroughthe trainingset,aseachcentroidis computedby averagingthe

documentsof thecorrespondingclass.Moreover, theamountof timerequiredto classifyanew documentx is atmost

O(km), wherem is thenumberof termspresentin x. Thus,theoverallcomputationalcomplexity of this algorithmis

very low, andis identicalto fastdocumentclassifierssuchasNaiveBayesian.

4 Experimental Results

We evaluatedthe performanceof the centroid-basedclassifierby comparingagainstthe naive Bayesian,C4.5,and

k-nearest-neighborclassifierson a variety of documentcollections. We obtainedthe naive Bayesianresultsusing

the Rainbow [35] software library. Rainbow is a state-of-artimplementationof the Naive Bayesianalgorithmfor

text classification[34]. Rainbow hasoptionsfor both the multi-variateBernoulli event modelandthe multinomial
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eventmodel.Experimentsreportedin [34] show thatthemultinomialeventmodelworksbetterthanthemulti-variate

Bernoulli eventmodel,andthis is themodelusedin ourexperiments.TheC4.5resultswereobtainedusinga locally

modifiedversionof theC4.5algorithmcapableof handlingsparsedatasets. Finally, the k-nearest-neighborresults

wereobtainedby usingthe tf-idf vector-spacerepresentationof thedocuments(identicalto thatusedby thecentroid-

basedclassificationalgorithm),we usedk = 10.

4.1 Document Collections

Data Source # of doc # of class min classsize maxclasssize avg classsize # of words
west1 WestGroup 500 10 39 73 50.0 977
west2 WestGroup 300 10 18 45 30.0 1078
west3 WestGroup 245 10 17 34 24.5 1035
oh0 OHSUMED-233445 1003 10 51 194 100.3 3182
oh5 OHSUMED-233445 918 10 59 149 91.8 3012
oh10 OHSUMED-233445 1050 10 52 165 105.0 3238
oh15 OHSUMED-233445 913 10 53 157 91.3 3100
ohscal OHSUMED-233445 11162 10 709 1621 1116.2 11465
re0 Reuters-21578 1504 13 11 608 115.7 2886
re1 Reuters-21578 1657 25 10 371 66.3 3758
tr11 TREC 414 9 6 132 46.0 6429
tr12 TREC 313 8 9 93 39.1 5804
tr21 TREC 336 6 4 231 56.0 7902
tr23 TREC 204 6 6 91 34.0 5832
tr31 TREC 927 7 2 352 132.4 10128
tr41 TREC 878 10 9 243 87.8 7454
tr45 TREC 690 10 14 160 69.0 8261
la1 TREC 3204 6 273 943 534.0 31472
la2 TREC 3075 6 248 905 512.5 31472
la12 TREC 6279 6 521 1848 1046.5 31472
fbis TREC 2463 17 38 506 144.9 2000
new3 TREC 9558 44 104 696 217.2 83487
wap WebACE 1560 20 5 341 78.0 8460

Table 1: Summary of data sets used.

Thecharacteristicsof thevariousdocumentcollectionsusedin ourexperimentsaresummarizedin Table1. Thefirst

threedatasetsarefrom thestatutorycollectionsof the legal documentpublishingdivision of WestGroupdescribed

in [8]. Datasetstr11, tr12, tr21, tr23, tr31, tr41,tr45, andnew3 arederived from TREC-5[45], TREC-6[45], and

TREC-7[45] collections.Datasetfbis is from theForeignBroadcastInformationServicedata ofTREC-5[45]. Data

setsla1, la2, andla12 arefrom theLos AngelesTimesdata ofTREC-5[45]. Theclassesof thevarioustrXX, new3,

andfbis datasetsweregeneratedfrom therelevancejudgmentprovidedin thesecollections.Theclasslabelsof la1,

la2, andla12 weregeneratedaccordingto thenameof thenews-papersectionsthat thesearticlesappeared,suchas

“Entertainment”,“Financial”, “Foreign”,“Metro”, “National”, and“Sports”. Datasetsre0 andre1 arefrom Reuters-

21578text categorizationtestcollectionDistribution 1.0 [30]. We dividedthelabelsinto 2 setsandconstructeddata

setsaccordingly. For eachdataset,we selecteddocumentsthathave asinglelabel. Datasetsoh0, oh5,oh10,oh15,

andohscalarefrom OHSUMEDcollection[20] subsetof MEDLINE database,which contains233,445documents

indexed using14,321uniquecategories.We took differentsubsetsof categoriesto constructthesedatasets.Dataset

wapis from theWebACEproject(WAP) [37, 18, 3, 4]. Eachdocumentcorrespondsto awebpagelistedin thesubject

hierarchyof Yahoo![51]. For all datasets,weusedastop-listto removecommonwords,andthewordswerestemmed

usingPorter’ssuffix-strippingalgorithm[38].
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4.2 Classification Performance

Theclassificationaccuracy of thevariousalgorithmson thedifferentdatasetsin our experimentaltestbedareshown

in Table2. Theseresultscorrespondto theaverageclassificationaccuraciesof 10 experiments.In eachexperiment

80%of thedocumentswererandomlyselectedasthetrainingset,andtheremaining20%asthetestset.Thefirst three

columnsof this table,show theresultsfor the naiveBayesian,C4.5,andk-nearestneighborschemes,whereasthelast

columnshows theresultsachieved bythecentroid-basedclassificationalgorithm(denotedas“Cntr” in thetable).For

eachoneof thedatasets,we useda boldfacefont to highlight the algorithmthatachieved thehighestclassification

accuracy.

NB C4.5 kNN Cntr
west1 86.7 85.5 82.9 87.5
west2 76.5 75.3 77.2 79.0
west3 75.1 73.5 76.1 81.6
oh0 89.1 82.8 84.4 89.3
oh5 87.1 79.6 85.6 88.2
oh10 81.2 73.1 77.5 85.3
oh15 84.0 75.2 81.7 87.4
re0 81.1 75.8 77.9 79.8
re1 80.5 77.9 78.9 80.4
tr11 85.3 78.2 85.3 88.2
tr12 79.8 79.2 85.7 90.3
tr21 59.6 81.3 89.2 91.6
tr23 69.3 90.7 81.7 85.2
tr31 94.1 93.3 93.9 94.9
tr41 94.5 89.6 93.5 95.7
tr45 84.7 91.3 91.1 92.9
la1 87.6 75.2 82.7 87.4
la2 89.9 77.3 84.1 88.4
la12 89.2 79.4 85.2 89.1
fbis 77.9 73.6 78.0 80.1
wap 80.6 68.1 75.1 81.3
ohscal 74.6 71.5 62.5 75.4
new3 74.4 73.5 67.9 79.7

Table 2: The classification accuracy achieved by the different classification algorithms.

Lookingat theresultsof Table2, we canseethatnaive Bayesianoutperformstheotherschemesin five out of the

23 datasets,C4.5doesbetterin one,the centroid-basedschemedoesbetterin 17, whereasthe k-nearest-neighbor

algorithmnever outperformstheotherschemes.

A moreaccuratecomparisonof thedifferentschemescanbeobtainedby lookingat whatextendtheperformance

of a particularschemeis statisticallydifferentfrom that of anotherscheme.We usedtwo differentstatisticaltests

to comparetheaccuracy resultsobtainedby thedifferentclassifiers.Thefirst testis basedon theresampledpairedt

test[13], andthesecondtestis basedonthesigntest[44]. A briefdescriptionof thesetestsis presentedin AppendixA.

Thestatisticalsignificanceresultsusingtheresampledpairedt testaresummarizedin Table3, in which for each

pair of classificationalgorithms,it shows the numberof datasets thatoneperformsstatisticallybetter, worse,or

similarly thantheother. Lookingat this table,wecanseethatthecentroid-basedschemecomparedto naiveBayesian,

doesbetterin ten datasets,worsein onedataset,andthey arestatisticallysimilar in twelve datasets. Similarly,

comparedto kNN, it doesbetterin twenty, andit is statisticallysimilar in threedatasets.Finally, comparedto C4.5,

thecentroid-basedschemedoesbetterin eighteen,worsein one,andstatisticallysimilar in four datasets.

Thestatisticalsignificanceresultsusingthesigntestaresummarizedin Table4, in which for eachpair of classifi-
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NB kNN C4.5
Cntr 10/1/12 20/0/3 18/1/4
NB 12/4/7 15/3/5
kNN 13/3/7

Table 3: Statistical comparison of different classification algorithms using the resampled paired t test. The entries in the table
show the number of data sets that the classifier in the row performs better, worse or similarly than the classifier in the column.

cationalgorithms,it shows thez value.Thez valuewas computedbasedon theaverageclassificationaccuracy of 10

trials. A z valuegreaterthan1.96,indicatesthattheclassifierof therow is statisticallybetterthantheclassifierof the

column.Lookingat this table,we canseethat thecentroid-basedschemedoesbetterthannaive Bayesian,kNN, and

C4.5. Naive BayesiandoesbetterthanC4.5,but doessimilarly with respectto kNN. Finally, kNN doesbetterthan

C4.5.

NB kNN C4.5
Cntr 2.71 4.80 4.38
NB 1.46 3.54
kNN 2.71

Table 4: Statistical comparison of different classification algorithms using the sign test. The values in the table are z values and
value greater than 1.96 shows that the classifier of the row is statistically better than the classifier of the column.

Fromtheseresults,we canseethat the simplecentroid-basedclassificationalgorithmoutperformsall remaining

schemes,with naive Bayesianbeingsecond,k-nearest-neighborbeingthird, andC4.5beingthe last. Note that the

relativerankingsamongNB, kNN, andC4.5,agreesto similar resultsreportedin previousworks[5, 55, 53, 19].

5 Anal ysis

Thesurprisinglygoodperformanceof thecentroid-basedclassificationschemesuggeststhat it employs a soundun-

derlyingclassificationmodel.Thegoalof thissectionis to understandthisclassificationmodelandcompareit against

thoseusedby otherschemes.

In orderto understandthis modelwe needto understandthe formulausedto determinethe similarity betweena

documentx, andthecentroidvector �C of aparticularclass(Equation8),asthiscomputationis essentialin determining

theclassof x (Equation9). FromEquation8, we seethat thesimilarity (i.e., cosine)between�x and �C is theratio of

thedot-productbetween�x and �C dividedby thelengthof �C. If S is thesetof documentsusedto create �C, thenfrom

Equation6, wehave that:

�x · �C = �x ·
(

1

|S|
∑

d∈S

�d
)

= 1

|S|
∑

d∈S

�x · �d = 1

|S|
∑

d∈S

cos(�x, �d).

That is, thedot-productis theaveragesimilarity (asmeasuredby thecosinefunction)betweenthenew documentx

andall otherdocumentsin the set. The meaningof the lengthof the centroidvectorcanalsobe easilyunderstood

usingthefactthat‖ �C‖2 =
√

�C · �C. Then,from Equation6 we havethat:

‖ �C‖2 =
√

�C · �C =

√

√

√

√

(

1

|S|
∑

d∈S

�d
)

·
(

1

|S|
∑

d∈S

�d
)

=
√

√

√

√

1

|S|2
∑

di ∈S

∑

d j ∈S

�di · �d j =
√

√

√

√

1

|S|2
∑

di ∈S

∑

d j ∈S

cos( �di , �d j ). (10)
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Hence,thelengthof thecentroidvectoris thesquare-rootof theaveragepairwisesimilarity betweenthedocuments

thatsupportthecentroid.Therearetwo thingsto benoted aboutthisformula;first, thisaveragesimilarityalsoincludes

theself-similaritybetweenthedocumentsin thesupportingset;second,becauseall thedocumentshave beenscaled

to beof unit length,the lengthof thecentroidvectorwill alwaysbelessor equalto one. In summary, thesimilarity

betweena testdocumentand the centroidvectorof a particularclass,is nothingmorethan the averagesimilarity

betweenthe testdocumentandall the documentsin that class,dividedby the square-rootof the averagesimilarity

betweenthedocumentsin theclassitself. (An alternatederivationof theaboveformulasis presentedin [9].)

The above discussionprovidesus with a qualitative understandingon how the centroidschemedeterminesthe

similarity betweena testdocumentanda particularclass.Essentially, it computestheaveragesimilarity betweenthe

testdocumentandall theotherdocumentsin thatclass,andthenit amplifiesthatsimilarity, basedon how similar to

eachotherarethedocumentsof that class. If theaveragepairwisesimilarity betweenthedocumentsof the classis

small(i.e., theclassis loose), thenthatamplificationis higher, whereasif theaveragepairwisesimilarity is high (i.e.,

theclassis tight), thenthisamplificationis smaller.

To betterunderstandthisclassificationmodelconsiderthefollowing simplebinaryclassificationalgorithm,thatwe

will referto it asH. Let A andB bethetwo classes,let S̄A betheaveragesimilarity betweentheitemsin A, S̄B be

theaveragesimilarity betweentheitemsin B, andlet S̄A,B betheaveragesimilarity betweenall theitems(a, b) such

thata ∈ A, andb ∈ B. Now considera testitem x, andlet S̄x,A, and S̄x,B betheaveragesimilaritiesbetweenx and

all the itemsin A andB, respectively. This settingis illustratedin Figure1. In this classifier, x will beclassifiedas

eitherA or B basedon how closelyits behavior matchesthebehavior of theitemsin classA andtheitemsin classB,

asmeasuredby theiraveragesimilarities.

A B

x

AS BS

AxS , BxS ,

BAS ,

Figure 1: A simple binary classifier.

Thisbehavior canbemodeledby lookingattheratios S̄A/S̄A,B andS̄B/S̄A,B, andcomparingthemagainsttheratios

S̄x,A/S̄x,B and S̄x,B/S̄x,A. Thefirst of theseratios(S̄A/S̄A,B) measureshow muchstronger is the internalsimilarity

betweenitemsbelongingto classA relativeto theirsimilarity to itemsbelongingto classB. Similarly, thesecondratio

(S̄B/S̄A,B) measureshow muchstrongeris theinternalsimilarity betweenitemsbelongingto classB relative to their

similarity to itemsbelongingto classA. Finally, thelasttwo ratios,measurehow muchstrongeris thesimilarity of x

to theitemsin A comparedto theitemsin B, andvice-versa.Given theaboveratios,thentheclassificationalgorithm

H will assignx to classA if f,
S̄x,A/S̄x,B

S̄A/S̄A,B
≥ S̄x,B/S̄x,A

S̄B/S̄A,B
, (11)

otherwiseit will assignin to classB. Essentially,H comparesthestrengthof thesimilarity of x to classA relative to

thestrengthof thesimilarity of itemsalreadyin A (left sideof theinequality),againstthestrengthof thesimilarity of

x to classB relative to thestrengthof thesimilarity of itemsalreadyin B (right sideof theinequality),andassignsx

to theclassfor which therelativestrengthis higher. Performingsomesimplealgebraicmanipulationsin Equation11,
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andcancelingout the S̄A,B termsthatappearonbothsideof theinequalitywe havethat:

S̄x,A/S̄x,B

S̄A/S̄A,B
≥ S̄x,B/S̄x,A

S̄B/S̄A,B
⇒

S̄2
x,A

S̄A
≥

S̄2
x,B

S̄B
⇒ S̄x,A

√

S̄A

≥ S̄x,B
√

S̄B

. (12)

We canextendH to problemswith morethantwo classes,by usinga tournamentmethod,andthusassigningx to the

classfor which S̄x, j /

√

S̄j is thehighestamongall classesj .

Now, from theearlierdiscussion,we know that in thecasein which thedataitemsin theabove problemareunit-

lengthdocumentvectors,andthe similarity is computedusingthe cosinemeasure,thenfrom Equation12 we have

thatH will assignx to classA, iff

cos(�x, �CA) ≥ cos(�x, �CB),

otherwisex will be assignedto classB; where �CA and �CB arethe centroidvectorsof classA and B, respectively.

Thus,theclassificationmodelusedby thecentroid-baseddocumentclassifier is identicalto that usedbyH, that is,

it assignsa new documentx to the classwhosedocumentsbettermatchthebehavior of x, as measuredby average

documentsimilarities.

5.1 Comparison With Other Classi fiers

Oneof theadvantagesof thecentroid-basedschemeis thatit summarizesthecharacteristicsof eachclass,in theform

of thecentroidvector. A similarsummarizationis alsoperformedby naiveBayesian,in theform of theper-classterm-

probabilitydistribution functions.Two examplesof suchcentroidvectorsfor two differentcollectionsof documents

areshown in Table5 (thesecollectionsaredescribedin Section4.1). For eachof thesevectors,Table5 shows their

tenhighestweight terms.Thenumberthatprecedeseachtermin this tableis theweightof that termin thecentroid

vector. Also notethatthetermsshown in this tablearenot theactualwords,but their stems.

Theadvantageof thesummarizationperformedby thecentroidvectorsis that it combinesmultiple prevalentfea-

turestogether, even if thesefeaturesarenot simultaneouslypresentin a singledocument.That is, if we look at the

prominentdimensionsof thecentroidvector(i.e., highestweight terms),thesewill correspondto termsthat appear

frequentlyin the documentsof the class,but not necessarilyall in the samesetof documents.This is particularly

importantfor highdimensionaldatasetsfor whichthecoverageof any individualfeatureis oftenquitelow. Moreover,

in thecaseof documents,this summarizationhastheadditionalbenefit of addressingissuesrelatedto synonyms,as

commonlyusedsynonymswill berepresentedin thecentroidvector. Thecentroidsvectorsshown in Table5 contain

varioussuchinstances.For example,thetenthcentroidof wapcontainssynonymtermslikealbumandrecord, thethird

centroidof new3 containssynonymslike japanandjapanes, etc.. For thesereasons,thecentroid-basedclassification

algorithm(aswell asnaive Bayesian)tendto performbetterthanthe C4.5andthek-nearestneighborclassification

algorithms.

Thebetterperformanceof thecentroid-basedschemeover the naive Bayesianclassifier is dueto themethodused

to computethesimilarity betweena testdocumentandaclass.In thecaseof naiveBayesian,this is doneusingBayes

rule, assumingthatwhenconditionedon eachclass,theoccurrenceof thedifferenttermsis independent.However,

this is far from beingtruein realdocumentcollections[27]. Oneway of understandingthedependencebetweenterms

is to look at thedegreeat which varioustermsco-occurin thedocumentsof a particularclass.If thedegreeof term

co-occurrenceis high, thenthesetermsarepositively dependent,astheprobabilityof seeingoneof theco-occurring

termsis high providedthatwe have seenoneof theotherco-occurringterms. As thedegreeof termco-occurrence

decreases,thepositivedependencealsodecreases,andafteracertainpoint it givesriseto negativedependenceamong

the terms. In this case,the conditionalprobabilityof seeinga certainterm is high provided that we have not seen

someotherterms.Theexistenceof suchpositiveandnegativedependencebetweentermsof a particularclasscauses
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naive Bayesianto computea distortedestimateof theprobabilitythata particulardocumentbelongsto thatclass.If

thereis positivedependencebetweenthetermsin theclass,thentheprobabilityestimatewill behigherthanit actually

is, whereasif theseis negative dependencebetweenthe terms,thenthe probabilityestimatewill be smallerthanit

actuallyis. Unfortunately, naiveBayesianhasnoway by whichto accountfor suchtermdependence,andmuchmore

complicatedclassifierssuchasBayesianNetworksneedto beused[16].

On the otherhand,the similarity functionusedby the centroid-basedschemedoesaccountfor termdependence

within eachclass.Fromthediscussionin Section5, we know thatthesimilarity of a new documentx to a particular

classis computedasthe ratio of two quantities.The first is the averagesimilarity of x to all the documentsin the

class,andthesecondis thesquare-rootof theaveragesimilarity of thedocumentswithin theclass.To a largeextent,

the first quantityis very similar, in character, to theprobabilityestimateusedby the naive Bayesianalgorithm,and

it suffers from similar over- andunder-estimationproblemsin thecaseof termdependence.As in thecaseof naive

Bayesian,if theclasscontainstermsthatarepositively dependent,thentheaveragesimilarity of x to thedocumentsin

theclasswill behigh,asit will tendto matchmostof theco-occurringterms.Similarly, if theclasscontainsnegatively

dependentterms,thentheaveragesimilarity of x to thedocumentsin theclasswill besmallasit will beunnecessarily

penalizedfor notmatchingthenegatively dependentterms.

However, thesecondquantityof thesimilarity function,(i.e., thesquare-rootof theaveragesimilarity of thedoc-

umentswithin theclass)doesaccountfor termdependency. This averagesimilarity dependson thedegreeat which

termsco-occurin thedifferentdocuments.In general,if theaveragesimilarity betweenthedocumentsof a classis

high,thenthedocumentshave ahighdegreeof termco-occurrence(sincethesimilarity betweena pair of documents

computedby thecosinefunction, is high whenthe documentshave similar setof terms). On the otherhand,asthe

averagesimilarity betweenthedocumentsdecreases,thedegreeof termco-occurrencealsodecreases.Sincethis av-

erageinternalsimilarity is usedto amplify thesimilarity betweena testdocumentandtheclass,this amplificationis

minimalwhenthereis alarge degreeof positivedependenceamongthetermsin theclass,andincreasesasthepositive

dependencedecreases.Consequently, this amplificationactsasa correctionparameterto accountfor the over- and

under-estimationof thesimilarity that is computedby thefirst quantityin thedocument-to-centroidsimilarity func-

tion. We believethatthis featureof thecentroid-basedclassificationschemeis thereasonthatit outperformsthe naive

Bayesianclassifier in theexperimentsshown in Section4.

This performancedifferencecan be understoodin real documentdatasets. For example,a set of documents

containingClinton-Lewinsky storieswill be a more cohesive category than a set of documentscontainingsports

storiessuchasbaseball,football,basketball,andOlympics.In thefirstcategory, mostof thedocumentscontainwords

Clinton andLewinsky andhencethesewordsarefrequentlyco-occurringwords.A documenttendsto belongto this

category only if boththewordsClinton andLewinsky arein thedocument.On theotherhand,any of sportsrelated

wordslike baseball,football, andbasketball appearingin a documentwill put thedocumentin thesecondcategory.

Given thesetwo categories,considera news storycontainingPresidentClinton’s reactionto the 1995major league

baseballlabordisputebetweenplayersandowners. This storyobviously containswordsClinton andbaseball. The

naive Bayesianclassifier caneasilymisclassifythis documentby assigningto thefirst category, as theword Clinton

hasa highconditionalprobabilityin thefirst categoryandbaseballhasrelatively lower conditionalprobabilityin the

secondcategory. However, thecentroid-basedclassifier will mostlikely classifythis documentcorrectly, becausethe

similarity to thefirst categorywill beindirectlypenalizedsincethedocumentdid notcontainthetermLewinsky.

6 Discussion & Conc luding Remarks

In this paperwe focusedon a simplelinear-timecentroid-baseddocumentclassificationalgorithm.Our experimental

evaluationhasshown that thecentroid-basedclassifier consistentlyandsubstantiallyoutperformsotherclassifierson

awiderangeof datasets.We haveshown thatthepowerof thisclassifier is dueto thefunctionthatit usesto compute
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thesimilarity betweena testdocumentandthecentroidvectorof theclass.This similarity functioncanaccountfor

both the term similarity betweenthe testdocumentandthe documentsin the class,aswell asfor the dependencies

betweenthetermspresentin thesedocuments.

Therearemany ways to further improve the performanceof this centroid-basedclassificationalgorithm. First,

in its currentform it is not well suitedto handlemulti-modalclasses.However, supportfor multi-modalitycanbe

easilyincorporatedby usingaclusteringalgorithmto partitionthedocumentsof eachclassinto multiplesubsets,each

potentiallycorrespondingtoadifferentmode[36], orusingsimilartechniquesto thoseusedby thegeneralizedinstance

set classifier [25]. Second,theclassificationperformancecanbefurtherimproved byusingtechniquesthatadjustthe

importanceof thedifferentfeaturesin a supervisedsetting.A varietyof suchtechniqueshave been developedin the

context of k-nearest-neighborclassification[11, 24, 32, 48, 19], all of which canbeextendedto the centroid-based

classifier.
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A Measures of Statistical Signi ficance

The Resampled t Test Oneway of measuringthestatisticaldifferencebetweentheperformanceof two classifi-

cationalgorithmsis to usetheresampledpairedt test[13]. This testcomparestheperformanceof two classification

algorithmsbasedon theresultsfrom n trials. In eachtrial, datasetis randomlydividedinto a trainingsetand anda

testset. Theerrorratesof algorithmsA andB on thetestsetarerecorded.Let p (i )
A betheerrorrateof algorithmA

andp(i )
B betheerrorrateof algorithmB duringtrial i . ThenStudent’s t testcanbecomputedusingthestatistic:

t = p̄
√

n
√

∑n
i=1(p(i )− p̄)2

n−1

,

wherep(i ) = p(i )
A − p(i )

B and p̄ = 1
n

∑n
i=1 p(i ). Thisstatistichasa t distributionwith n−1 degreesof freedom.For 10

trials usedin theexperimentsreportedin Section4.2,thenull hypothesisthattwo classifiersarenotdifferentin terms

of performancecanberejectedif |t| > t9,0.975 = 2.262.

The Signed Test Anotherstatisticaltestthatcanbeusedto comparedifferentclassificationalgorithmis thesign

test[44]. Given n datasets,let nA bethenumberof datasets thatclassifier A doesbetterthanclassifier B in termsof

theclassificationaccuracy. Thenwehave
nA
n − p
√

p×q
n

≈ N(0, 1)

wherep is theprobabilitythatclassifier A doesbetterthanclassifier B; andq = 1 − p. Underthenull hypothesis,

p = 0.5, so

z =
nA
n − 0.5

√

0.5×0.5
n

≈ N(0, 1)

We canrejectthenull hypothesisthattwo classifiersarethesamein termsof performanceif |z| > Z 0.975 = 1.96.
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1 0.20 diana 0.17 film 0.13 showbiz 0.13 notabl 0.13 angel 0.13 annual 0.12 albert 0.12 lo 0.12 award 0.12 festiv
2 0.26 emmi 0.23 cb 0.22 tv 0.21 rate 0.21 nbc 0.20 adult 0.16 abc 0.14 household 0.13 program 0.12 fox
3 0.19 studi 0.19 research 0.19 cell 0.18 risk 0.18 cancer 0.16 patient 0.15 diseas 0.14 women 0.13 heart 0.12 drug
4 0.41 newspap 0.22 editor 0.19 advertis 0.14 media 0.13 peruvian 0.13 coverag 0.12 percent 0.12 journalist 0.12 press 0.12 circul
5 0.25 exhibit 0.21 auction 0.21 stolen 0.20 art 0.18 gogh 0.16 draw 0.16 sculptor 0.15 paint 0.14 galleri 0.13 van
6 0.38 film 0.19 box 0.16 million 0.15 star 0.14 offic 0.13 weekend 0.13 festiv 0.13 pictur 0.12 top 0.12 movie
7 0.33 stock 0.21 dow 0.18 compani 0.17 percent 0.14 greenspan 0.14 industri 0.14 busi 0.14 financi 0.13 wire 0.13 pr
8 0.49 cable 0.21 network 0.15 fcc 0.15 rate 0.14 usa 0.13 showtim 0.13 hbo 0.12 espn 0.12 channel 0.11 deal
9 0.34 week 0.34 bestsell 0.26 weekli 0.25 publish 0.22 hardcov 0.19 paperback 0.19 book 0.13 nea 0.10 fo 0.10 morton

10 0.29 album 0.28 music 0.23 record 0.23 song 0.14 band 0.13 concert 0.12 sold 0.12 rock 0.11 stone 0.10 diana
11 0.39 clinton 0.27 senat 0.27 house 0.24 white 0.23 campaign 0.20 reform 0.19 republican 0.15 financ 0.13 vote 0.13 presid
12 0.27 game 0.17 smith 0.15 coach 0.14 season 0.13 win 0.13 championship 0.12 se 0.11 nomo 0.11 player 0.11 marlin
13 0.14 charact 0.13 film 0.11 david 0.11 music 0.11 product 0.10 review 0.09 michael 0.09 sound 0.09 john 0.08 costum
14 0.33 internet 0.25 microsoft 0.22 comput 0.19 zdnet 0.19 wir 0.15 access 0.15 servic 0.15 reserv 0.14 technologi 0.14 compani
15 0.37 ticket 0.28 hottest 0.28 opera 0.24 theater 0.19 broadwai 0.19 receipt 0.16 lyric 0.13 week 0.13 net 0.12 funk
16 0.36 casino 0.34 farm 0.27 legion 0.20 trump 0.20 mirag 0.18 miami 0.18 aid 0.16 concert 0.13 wow 0.12 deauvill
17 0.43 internet 0.35 onlin 0.24 comput 0.18 servic 0.17 microsoft 0.16 web 0.14 america 0.13 compuserv 0.13 site 0.13 compani
18 0.28 murdoch 0.16 disnei 0.15 compani 0.15 stock 0.15 usa 0.13 network 0.13 viacom 0.12 million 0.12 seagram 0.12 stake
19 0.28 daili 0.22 hollywood 0.21 insid 0.20 front 0.18 fox 0.17 tv 0.16 film 0.14 ink 0.12 deal 0.11 pictur
20 0.48 dvd 0.24 game 0.23 player 0.21 toshiba 0.15 emeri 0.13 typ 0.12 video 0.11 digit 0.11 compact 0.10 alien

1 0.34 waste 0.29 dump 0.26 water 0.26 pollution 0.23 sea 0.22 environment 0.20 river 0.18 radioact 0.16 nuclear 0.14 russia
2 0.44 export 0.37 cocom 0.22 russian 0.18 control 0.18 technologi 0.16 russia 0.13 missil 0.12 german 0.11 arm 0.11 dual
3 0.52 japan 0.35 japanes 0.23 tokyo 0.18 trade 0.14 insur 0.14 talk 0.13 kyodo 0.12 market 0.12 framework 0.12 auto
4 0.41 nuclear 0.41 korea 0.31 north 0.30 iaea 0.25 korean 0.18 dprk 0.17 inspect 0.14 pyongyang 0.12 seoul 0.12 pakistan
5 0.41 al 0.28 palestinian 0.24 israe 0.20 arab 0.20 lebanon 0.19 hizballah 0.17 israel 0.15 abu 0.14 terrorist 0.14 hama
6 0.34 grain 0.32 agricultur 0.20 price 0.19 rice 0.18 product 0.16 percent 0.14 farm 0.14 market 0.14 farmer 0.14 rural
7 0.37 newspap 0.26 publish 0.23 press 0.17 media 0.16 public 0.15 editor 0.13 russian 0.12 magazin 0.12 book 0.12 print
8 0.29 murder 0.18 al 0.16 kill 0.14 polic 0.12 terrorist 0.11 assassin 0.11 crime 0.10 court 0.10 death 0.10 people
9 0.52 nuclear 0.26 ukrain 0.21 korea 0.20 iaea 0.19 treati 0.16 north 0.16 dprk 0.14 weapon 0.14 korean 0.13 prolifer

10 0.55 drug 0.24 traffick 0.23 gang 0.23 polic 0.20 heroin 0.17 arrest 0.16 narcot 0.16 kg 0.15 addict 0.12 cocain
11 0.49 nafta 0.40 mexico 0.24 job 0.23 mexican 0.17 american 0.15 trade 0.15 worker 0.13 export 0.11 agreem 0.11 wage
12 0.60 violenc 0.40 women 0.26 domest 0.17 crime 0.16 abus 0.15 speaker 0.15 victim 0.14 batter 0.12 bill 0.11 prevent
13 0.33 china 0.23 trade 0.22 embargo 0.22 mfn 0.18 clinton 0.16 right 0.16 vietnam 0.14 human 0.12 haiti 0.11 polici
14 0.56 earthquak 0.24 quake 0.22 insur 0.21 disast 0.15 california 0.15 volcano 0.14 dollar 0.12 reinsur 0.11 speaker 0.11 amend
15 0.48 submarin 0.32 rosyth 0.26 trident 0.23 devonport 0.21 defenc 0.19 nuclear 0.18 dockyard 0.16 refit 0.15 vsel 0.14 missil
16 0.44 pulp 0.41 paper 0.30 price 0.24 cent 0.22 mill 0.17 newsprint 0.13 compani 0.13 cdollar 0.12 profit 0.11 cost
17 0.61 tax 0.29 pound 0.28 cent 0.22 vate 0.19 incom 0.18 rate 0.12 taxe 0.10 taxat 0.09 budget 0.09 uk
18 0.44 drug 0.30 traffick 0.28 cocain 0.26 cartel 0.17 colombian 0.16 colombia 0.15 cali 0.14 polic 0.13 mafia 0.12 crime
19 0.36 speci 0.25 whale 0.23 endang 0.23 wolve 0.22 wildlif 0.17 hyph 0.17 blank 0.16 mammal 0.15 marin 0.15 wolf
20 0.30 rwanda 0.25 rebel 0.24 africa 0.17 kill 0.17 hutu 0.17 kigali 0.16 unita 0.16 tutsi 0.15 african 0.15 rwandan
21 0.38 project 0.31 dam 0.24 hydroelectr 0.21 power 0.19 hyph 0.18 electr 0.15 gorge 0.15 hydropow 0.15 river 0.13 construct
22 0.53 vw 0.36 lopez 0.29 gm 0.24 opel 0.21 volkswagen 0.21 piech 0.19 motor 0.14 espionag 0.12 german 0.10 compani
23 0.14 hous 0.13 pound 0.13 properti 0.13 home 0.12 liv 0.12 house 0.12 retir 0.12 life 0.11 people 0.11 social
24 0.35 fuel 0.32 energi 0.31 plutonium 0.27 nuclear 0.24 reactor 0.19 electr 0.17 power 0.14 coal 0.13 cell 0.13 japan
25 0.54 women 0.23 parti 0.22 elect 0.21 labour 0.16 vote 0.16 parliam 0.15 candid 0.14 mp 0.12 seate 0.11 democr
26 0.56 argentina 0.33 argentin 0.31 falkland 0.23 bueno 0.23 aire 0.17 tella 0.17 malvina 0.16 british 0.15 island 0.12 skyhawk
27 0.59 bank 0.25 imf 0.23 world 0.15 lend 0.12 develop 0.11 loan 0.11 project 0.11 monetari 0.11 dollar 0.11 preston
28 0.29 tax 0.23 helmslei 0.22 hunter 0.18 ir 0.18 evasion 0.17 fraud 0.15 dominelli 0.14 rose 0.13 guilti 0.12 feder
29 0.39 polic 0.30 kill 0.23 policeman 0.21 offic 0.14 policemen 0.13 murder 0.13 milit 0.12 shot 0.11 bomb 0.11 asyut
30 0.42 school 0.38 educ 0.38 curriculum 0.32 teacher 0.26 test 0.19 patten 0.19 pupil 0.13 teach 0.12 old 0.10 ron
31 0.42 tunnel 0.29 rail 0.25 eurotunnel 0.22 channel 0.17 freight 0.16 ferri 0.15 kent 0.15 pound 0.13 br 0.12 railwai
32 0.45 journalist 0.20 hostag 0.20 kong 0.19 hong 0.11 lebanon 0.11 arrest 0.11 kill 0.10 releas 0.10 china 0.10 polic
33 0.32 spratli 0.31 vietnam 0.19 sea 0.19 island 0.18 territori 0.17 china 0.16 russian 0.15 vietnames 0.14 disput 0.14 oil
34 0.64 drug 0.20 legal 0.16 greif 0.15 court 0.14 colombia 0.14 addict 0.13 de 0.11 traffick 0.11 bogota 0.11 decrimin
35 0.24 boate 0.23 ship 0.19 piraci 0.18 vessel 0.16 kong 0.15 hong 0.14 pirat 0.14 hijack 0.14 sea 0.13 fish
36 0.37 food 0.32 hyph 0.27 fda 0.25 label 0.18 blank 0.18 fsi 0.17 poultri 0.16 drug 0.15 cfr 0.15 addit
37 0.38 nobel 0.36 prize 0.15 peace 0.11 soviet 0.11 award 0.11 gorbachev 0.10 walesa 0.09 mandela 0.09 menchu 0.09 dalai
38 0.34 drug 0.30 prozac 0.23 lilli 0.19 sale 0.18 pharmaceut 0.18 cent 0.17 patient 0.16 depress 0.13 merck 0.13 solvai
39 0.36 iraq 0.30 matrix 0.27 inquiri 0.27 churchill 0.25 scot 0.18 export 0.16 lord 0.16 defenc 0.12 tool 0.11 sir
40 0.35 azt 0.34 drug 0.30 patient 0.27 amgen 0.27 aid 0.25 epo 0.16 hiv 0.15 wellcom 0.14 infect 0.13 diseas
41 0.40 pharmaceut 0.34 drug 0.25 cent 0.24 compani 0.20 glaxo 0.19 research 0.17 pound 0.14 amp 0.14 sale 0.13 dollar
42 0.47 tourism 0.45 tourist 0.27 visitor 0.17 hotel 0.16 cent 0.14 percent 0.09 cuba 0.09 increas 0.08 attract 0.08 million
43 0.32 soviet 0.31 nato 0.26 cfe 0.21 europ 0.20 treati 0.18 tank 0.17 arm 0.16 convent 0.16 bush 0.15 gorbachev
44 0.43 forest 0.41 amazon 0.26 brazil 0.18 mende 0.17 brazilian 0.16 environment 0.13 ecuador 0.12 deforest 0.12 rain 0.11 rio

wap

new3

Table 5: The ten highest weight terms in the centroids of two data sets.
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